Billiar TR. Transcriptomic response of murine liver to severe injury and hemorrhagic shock: a dual-platform microarray analysis.
The most severely injured trauma patients suffer from both hemorrhagic shock (HS) and extensive tissue damage. These insults trigger cellular signaling pathways that result in profound changes in gene expression in cells throughout the body. Processes known to be regulated as a result of changes in gene expression following trauma include stress pathways, inflammation pathways, immunoregulatory pathways, and metabolic pathways (13, 24) . Many of the changes in gene expression are likely adaptive and thus may be required for host survival. However, in cases of severe and potentially lethal injury, gene expression patterns may emerge that result in sustained expression or overexpression of deleterious pathways, or, alternatively, pathways representing dysregulated gene expression may emerge. A comprehensive evaluation of the earliest global changes in gene expression following severe injury has not been reported. Furthermore, little is known about the impact of the magnitude of injury (mild vs. severe injury) on the patterns of gene expression following trauma.
DNA microarray analysis has become a standard strategy used to characterize global changes in gene expression at the mRNA level. The data obtained from gene arrays can be utilized to identify candidate genes for further analysis or to identify key pathways that have been altered at the mRNA level (9, 15, 22) . Microarray analyses of processes involving changes in a large number of genes have been limited by experimental variability and impracticality of validating all of the changes by RT-PCR or Western blot analysis. This limited validation often results in a degree of uncertainty as to the significance and importance of the observed changes (4) .
In this study, we sought to characterize the initial changes in gene expression that take place following severe injury in a model that incorporates both HS and tissue trauma (HS/T). We compared the pattern obtained with this lethal insult with that seen with minor tissue trauma. The liver was chosen for this analysis because it is rich in immune cells that modulate the response to trauma/hemorrhage (23) , along with being a central metabolic organ that uniquely integrates metabolic and immunologic functions. To address the problem of large scale validation of gene expression, we utilized a dual platform approach for cross validation, using two commercially available microarray platforms (Affymetrix and CodeLink).
Early DNA microarray literature generated concerns about the reproducibility of detected biomarkers in repeated experiments and across platforms (10, 31, 37) . Such discrepancies often arise from immature technology and from differences in array design and protocols used for intermediate steps in the experimental procedures (such as sample collection, purification, labeling, and hybridization). As the array technology has matured, many of such reproducibility issues have been alleviated. The Microarray Quality Control (MAQC) project conducted a large-scale evaluation of variability within and across platforms and institutions (26) . This group concluded that the high reproducibility required for rigorous clinical and regulatory settings is achievable. Because the gold standard for validation, RT-PCR, is usually infeasible on a genome-wide scale, the MAQC results have inspired the development of alternative and novel validation approaches such as the use of two independent platforms for cross-platform validation.
A number of studies have applied this dual-platform concept to achieve a more rigorous expression profile assessment (11, 12, 30) . Most of these studies, however, focus on validation and overlap across platforms and failed to perform a systematic information integration or statistical meta-analysis to improve statistical power and accuracy. In this study, we first apply conventional tools, including hierarchical clustering, Pearson correlation, and Principal Component Analysis (PCA), to validate concordance and quality of data from CodeLink and Affymetrix platforms. The dual-platform data were then subjected to statistical meta-analysis to identify cross-platform, consistent biomarkers for subsequent pathway and network analysis.
In total, 6,338 unique genes common to two platforms were identified after proper gene filtering and normalization and were submitted for further analysis. We found that profound changes in gene expression occur within 90 min of the initiation of the insult and prior to resuscitation from HS. Genes that map to metabolic pathways are rapidly downregulated, and genes associated with apoptosis and cell death pathways emerge postresuscitation. Importantly, minor trauma induces a distinct pattern of gene expression compared with severe trauma. Finally, six distinct patterns of gene expression emerged in both our analyses of changes over time and changes over trauma severity.
MATERIALS AND METHODS
Animals. C57BL/6 male mice 8 -12 wk old were obtained from Charles River Laboratories (Wilmington, MA). The mice were housed in a pathogen-free environment at the University of Pittsburgh Animal Research Center in accordance with University of Pittsburgh and National Institutes of Health animal care guidelines. Animals were exposed to a 12 h light-dark cycle and had free access to standard chow and water.
Murine model. Animals were subjected to femoral artery cannulation (minor trauma, MT), bilateral femur fracture (severe trauma, T), HS, and resuscitation (R) to construct a time course study, as well as a model for the impact of trauma severity. This protocol complied with regulations regarding the care and use of experimental animals published by the National Institutes of Health and was approved by the Institutional Animal Care and Use Committee of the University of Pittsburgh. Animals were anesthetized with intraperitoneal pentobarbital sodium (50 mg/kg) and inhaled isoflurane (Abbott Labs, Chicago, IL). Using sterile technique, we performed a left groin exploration and cannulated the femoral artery with tapered heparinized polyethylene-10 tubing for continuous transduction of mean arterial pressure (MAP). Mice were hemorrhaged to a MAP of 25 mmHg over 5 min and maintained for a designated HS time interval, with additional blood withdrawal as needed. Bilateral femur fracture was accomplished by a closed technique by applying two hemostats to the midfemur. Animals were resuscitated with their shed blood and 2ϫ the volume of lactated Ringer solution. At the conclusion of the experiment, blood was collected by cardiac puncture and the liver was snap-frozen. Mice were euthanized by cervical dislocation. Necropsy confirmed the presence of bilateral femur fracture.
Animals were divided into five experimental groups, with four animals each: 1) nonmanipulated controls [control (C)]; 2) femoral artery cannulation and anesthesia for 6 h (MT); 3) bilateral femur fracture followed by 1.5 h of HS (HS/T); 4) bilateral femur fracture followed by 1.5 h of HS, and 1.0 h of resuscitation after restoration to regular MAP (HS/Tϩ1.0R); 5) bilateral femur fracture followed by 1.5 h of HS, and 4.5 h of resuscitation (HS/Tϩ4.5R). Animals in groups C, MT, and HS/Tϩ4.5R represent a model of injury severity, whereas animals in groups C, HS/T, HS/Tϩ1.5R, and HS/Tϩ4.5R represent a time course series. All animals (n ϭ 4, per group) survived the short time intervals (up to 6 h) studied in these experiments. Diagrammatic representation of our model is shown in Fig. 1 .
RNA isolation. RNA was isolated from whole liver using TRIzol reagent according to manufacturer's protocol (Invitrogen, Carlsbad, CA). RNA integrity was assessed using the Agilent 2100 Bioanalyzer (Santa Clara, CA). Samples with an RNA integrity number of Ͼ6 were used for microarray hybridization.
Microarray hybridization. CodeLink (GE HealthCare, Piscataway, NJ) and Affymetrix (Santa Clara, CA) mouse whole genome bioarrays were used for this study. We followed the manufacturer's protocol for all microarray procedures. Briefly, 1 g of total RNA was used for reverse transcription to produce single-stranded cDNA (oligo dT primers) followed by second-strand synthesis to form double-stranded cDNA. Biotin-labeled cRNA target was produced by in vitro transcription using the cDNA template. After purification, an aliquot of the labeled cRNA was analyzed using Agilent's Bioanalyzer for quality control, and another aliquot was quantified using NanoDrop. Only high-quality cRNA with yield of Ͼ10 g was fragmented and hybridized to bioarrays. Samples were hybridized to arrays for 18 h. After hybridization, arrays were washed at 46°C for 1 h to remove unbound and nonspecifically hybridized target molecules. Arrays were then stained with CyTM5-streptavidin conjugate for 30 min at room temperature and followed by several nonstringent washing steps to remove unbound conjugate. After the final rinse, the arrays were spun dry and scanned using ScanArray 5000 (PerkinElmer, Wellesley, MA). All arrays were scanned with 5 m scan resolution and at preset Fig. 1 . Schematic representation of the murine model of hemorrhagic shock/ trauma (HS/T). Animals in severity series were killed at time ϭ zero (control); following femoral artery cannulation (minor trauma, MT); or following bilateral femur fracture (BFF, severe trauma, T), hemorrhagic shock (HS) while held at 25 mmHg mean arterial pressure (MAP), and 4.5 h resuscitation after restoration to regular MAP (HS/Tϩ4.5R). Animals in time course series were killed at time ϭ zero (control); following BFF, HS (HS/T); following BFF, HS, and 1 h resuscitation (HS/Tϩ1.0R); or following BFF, HS, and 4.5 h resuscitation (HS/Tϩ4.5R).
Cy5 parameters, which were 85% Laser power and 55% photomultiplier tube. Scanned images were processed in batches using CodeLink Expression version 4.1 and Affymetrix MAS 5.0 to generate raw data.
Array platforms and preprocessing. All microarray data have been deposited in the National Center for Biotechnology Information's Gene Expression Omnibus (GEO) and are accessible through GEO Series accession number GSE26697. The records can also be accessed separately, through GSE26695 for the Affymetrix platform and GSE26696 for the CodeLink platform. Raw data were preprocessed and normalized by the default manufacturer's analysis packages respectively. The list of samples was randomized, and the randomized list was used when running the experiments. The experiments were performed in batches of 11, with one reference sample. All samples were processed within two batches, and when checked for any potential batch effect, no significant effect was found (data not shown). In the Affymetrix platform, a total of 45,101 probes were available. Genes with Ͼ30% of absent calls were filtered, and 19,132 genes remained for further analysis. Similarly, in studies utilizing the CodeLink platform, we started with 36,227 probes, and 26,063 genes were left after filtering. Probes flagged as bad quality were removed and missing values were imputed by K-nearest neighbor imputation (34) .
Gene matching for meta-analysis. The 19,132 genes from the Affymetrix platform and 26,063 genes from the CodeLink platform were matched by Gene Cruiser using Entrez identification (http:// www.genecruiser.org) (18) . We identified 6,338 common genes, and intensity values were averaged when multiple probes matched to the same Entrez ID. These genes were subjected to meta-analysis. The low number of overlapping genes was likely due to two major factors. Firstly, the 19,132 Affymetrix probe sets and 26,063 CodeLink probes contained a significant number of replicated genes. Secondly, we performed filtering in each platform before gene matching, and therefore many genes that remained after CodeLink filtering may have been filtered out in the Affymetrix system, and vice versa. Considering an estimate of ϳ20,000 functional genes in mice and the filtering procedure, it is likely that the 6,338 matched genes cover the genome comprehensively, and this filtering is thus not likely to have introduced any bias to these results.
Quality examination and visualization. Standard quality control measures were undertaken prior to additional evaluation of the data ( Fig. 2A ). One sample from each platform was removed due to problematic quality, leaving 19 samples for each platform. Each sample column in the 19 Affymetrix arrays and 19 CodeLink arrays was standardized to zero mean and unit variance. Classical sample hierarchical clustering (complete linkage) and correlation matrix were generated using the 6,338 matched genes across the two platforms (Fig. 3A) . The data quality and variability between and within groups were examined. PCA was used to generate a three-dimensional visualization of the samples (Fig. 3B) .
Meta-analysis with ANOVA model and t-test for detecting differentially expressed genes. We applied a one-way ANOVA model and permutation testing to identify differentially expressed (DE) genes with significant patterns in the five groups (Fig. 2C ). In parallel, we also applied t-statistics and permutation testing for comparing experimental groups: 1) MT vs. C, 2) HS/T vs. C, 3) HS/Tϩ1.0R vs. C, 4) HS/Tϩ4.5R vs. C (Fig. 2B ). The analysis is similar to the popular LIMMA method with control of false discovery rate at 5%, meaning an average of 5% false positives among detected biomarkers (27) . To integrate information from Affymetrix and CodeLink platforms, we combined the t-statistic or F-statistic P values by taking the maximum P values from two platforms (ANOVA-maxP approach) and used a permutation test to evaluate the statistical significance (20) . The individual-study analysis for detecting differentially expressed genes between groups was carried out as follows:
Denote by G the total number of genes (G ϭ 6,338 in this paper) and K the number of studies (K ϭ 2, representing Affymetrix and CodeLink platforms).
a. Compute the moderated t-statistic for two-group comparison or F-statistic for five-group comparison (denote by t gk in either case for gene g and study k) (6, 35) .
b. Permute group labels in each study for B times, and similarly calculate the permuted statistics, t gk Flow diagram representing the methodology of microarray data analysis. In A, common biomarkers were subjected to standard quality control measures including hierarchical clustering, creation of correlation matrices, and visualization. In B, pair-wise comparisons between experimental groups were made using t-test. In C, genes with high cross-platform correlation (Ͼ0.6) were identified, clustered, and submitted for pathway analysis. IPA, Ingenuity Pathways Analysis; PCA, Principal Component Analysis. c. Estimate P value of tgk as
d. Estimate 0(k), the proportion of non-DE genes, as 0͑ k͒ ϭ ͚gϭ1 G I͑p gk ʦ A͒ G · l͑A͒ (29) . We choose A ϭ [0.5, 1] and thus l(A) ϭ 0.5. e. Estimate q-value of t gk as
DE genes detected from each individual study are denoted by Gk ϭ {g:qgk Յ 0.05} and are reported in Table 1 (upregulation and downregulation are distinguished by the sign of tgk).
For biomarker lists of pair-wise group comparisons, discordant biomarkers were eliminated ( Fig. 2B ). Discordance was defined as biomarkers upregulated in one platform but downregulated in the other platform. These discordant biomarkers are usually generated by wrong gene annotation or nonspecific hybridization and are difficult to evaluate. The four concordant biomarker lists from four pair-wise comparisons were then used for pathway analysis. For analysis of expression patterns of five groups simultaneously, we first identified DE genes from ANOVA meta-analysis and then selected DE genes with Pearson correlation Ͼ0.6 between two platforms (Fig. 2C ). The meta-analysis was carried out as follows:
a. The maximum P value statistic (maxP) is used for meta-analysis:
b. Estimate P value of the genes in meta-analysis as
c. Estimate 0, the proportion of non-DE genes in the metaanalysis, as 0 ϭ ͚gϭ1 G I͑p͑V g͒ ʦ A͒ G · l͑A͒ (29) . We choose A ϭ [0.5, 1] and thus l(A) ϭ 0.5.
d. Estimate q-value in the meta-analysis as
DE genes detected by the meta-analysis are denoted as G meta ϭ {g:q(Vg) Յ 0.05}. Note that we use a conservative maxP statistic for meta-analysis; intuitively, the biomarker has to be significant in both platforms to be selected in the meta-analysis.
These highly consistent biomarkers (2,353 genes remained after selection) were then selected for downstream clustering and pathway analyses. A Pearson correlation threshold of 0.6 was chosen empirically and based on prior literature (38) and tested against several higher and lower thresholds. These studies led to the conclusion that a correlation threshold of 0.6 represented a good balance between stringency and information content. Choosing a more stringent threshold risks losing important genes in downstream analyses, while using a less stringent threshold may increase false positives from inconsistent genes across platforms. A correlation of 0.6 in gene expression data is generally considered high (38) .
Gene cluster analysis and presentation. DE genes identified by the meta-analysis of ANOVA model (the 2,353 genes) were further clustered by a K-means clustering algorithm based on all the 38 samples in both platforms. Gene vectors were first standardized to zero mean and unit variance, and K-means was applied. The gene clustering analysis was performed twice: once for time series analysis (groups C, HS/T, HS/Tϩ1.0R, and HS/Tϩ4.5R) and another for severity analysis (group C, MT, HS/Tϩ4.5R). To estimate the number of clusters, K, in the data, we tried K from 2 to 30 and sought the best K that indicated an elbow-like turning point in the within-cluster sum of squares (WSS) (see Fig. 4A ). It can be shown that WSS is a monotonically decreasing function of K. Generally, the true (or a meaningful) number of clusters appears at an elbow-like turning point in the WSS vs. K curve. By visualization, a meaningful K appears at around K ϭ 5-7 in both series.
The heat map and expression patterns of K ϭ 5-7 were drawn to confirm the validity of gene clusters with meaningful biological interpretation of the time series data (Fig. 4B ). When K ϭ 5 and K ϭ 6 are compared, K ϭ 6 clearly adds an informative fifth cluster (red color in the middle plot Fig. 4B ). But when K ϭ 6 and K ϭ 7 are compared, the second and third (pink and light blue in the right plot of Fig. 4B ) clusters in K ϭ 7 are quite similar, and increasing from K ϭ 6 to K ϭ 7 does not generate more biologically informative gene clusters. As a result, we determined to use K ϭ 6 for the time series. A similar analysis was performed for the severity series. We concluded that K ϭ 6 was the optimal number of clusters for both time series and severity series. The combination of ANOVA meta-analysis and K-means clustering generated gene clusters with strong and meaningful expression patterns for pathway analysis.
Pathway analysis. Data were analyzed using Ingenuity Pathways Analysis (IPA, Ingenuity Systems, http://www.ingenuity.com). Canonical pathways analysis identified the pathways from the IPA library of canonical pathways that were the most relevant to the data set. The significance of the association between the dataset and canonical pathways was measured in two ways. The first method involved obtaining the ratio of the number of genes from the dataset that met the expression value cutoff that mapped to the pathway to the total number of molecules in the canonical pathway. In this method, the expression value cutoff refers to the minimum threshold considered by IPA to be indicative of a given gene's presence in the dataset. IPA was used to provide a mapping of the genes in the clusters to the manually curated canonical pathways. Thus, the ratio of the number of genes from the experimental dataset (each cluster) to the total number of molecules that make up that pathway provides a measurement of association of our genes with the pathway in question. The second method involved Fisher's exact test, which was used to calculate a P value determining the statistical significance of the association between the genes in the data set and the canonical pathway. We used Fig. 4 . Estimation of the optimal number of clusters in K-means clustering of time and severity series data. A: within-cluster sum of squares (WSS) vs. K plot for time series (left) and severity series (right). B: heat map of K ϭ 5 (left), K ϭ 6 (middle), and K ϭ 7 (right) for time series. a loose pathway enrichment P value threshold (P Ͻ 0.05), without multiple comparison adjustment, to identify enriched pathways for further investigation.
Network generation was employed to study the connectivity of genes in the dataset. Gene lists from both time series clusters and severity series clusters (Fig. 2C) were uploaded into IPA. Each identifier was mapped to its corresponding gene object in the Ingenuity knowledge base. These genes, called focus genes, were overlaid onto a global molecular network developed from information contained in the Ingenuity knowledge base. Networks of these focus genes were then algorithmically generated based on their connectivity.
RESULTS

Overview.
To characterize the initial changes in gene expression following severe injury, we carried out a gene array analysis in a murine model that incorporated features seen in severely injured humans. These features include sustained systemic hypoperfusion as seen in HS and extensive tissue damage as seen with extremity fractures. The liver was chosen for the analysis because it uniquely integrates immunologic and metabolic responses. These experiments were designed to evaluate the changes that occur pre-and postresuscitation.
Microarray processing, quality control, and biomarker detection. Analysis of each sample was carried out using two separate gene array platforms. One sample was excluded from analysis because the RNA was degraded. The two-platform strategy was employed to optimize the detection of changes in gene expression from the unperturbed state and as an alternative to other validation approaches.
After employing the standard preprocessing measures described in MATERIALS AND METHODS, we subjected 26,063 genes from the CodeLink platform and 19,132 genes from the Affymetrix platform to additional analysis. Gene Cruiser was used to match the 6,338 genes common to both platforms using Entrez gene identifiers. Figure 2 depicts the overview of our microarray data analysis strategy. In Fig. 2A , hierarchical clustering and PCA were used to provide initial quality assessment and to view the overall data pattern. In Fig. 2B , t-statistic maxP meta-analysis was utilized to perform four pair-wise comparisons. The resultant biomarker lists were used as input for pathway analysis. In Fig. 2C , a combination of ANOVA maxP meta-analysis and gene clustering was used to generate informative gene clusters with meaningful expression patterns for pathway analysis and further biological explorations.
Classic hierarchical clustering was employed to examine the quality of the data and the variability of data within and between groups. As shown in the cluster dendrogram ( Fig. 3A) , animals within each experimental group clustered together. This analysis suggested that relatively little variability was present within each experimental group. The correlations of replicates within an experimental group were generally Ͼ0.95 (See Fig. 5 , Affy.within and Code.within). Correlations between experimental groups within the same platform were slightly lower, ranging between 0.85 and 0.95 (See Fig. 5 , Affy.btw and Code.btw). Comparatively, we observed significant cross-platform variability (cross-platform correlations generally as low as 0.5-0.6; see Fig. 5 , Affy.Code.btw) that prohibited the direct merging of the two data sets and thus supported the metaanalysis approach we utilized in this study. Within each platform, however, the clustering structure of the five groups was identical: groups HS/T (denoted as "III" in Fig. 3A) and HS/Tϩ1.0R (denoted as "IV") exhibited the most similar expression patterns, followed by group MT (denoted as "II") and then group C (denoted as "I"). Group HS/Tϩ4.5R (denoted as "V"), which represents both the most severe injury and greatest elapsed time, exhibited the greatest difference compared with the other four groups. PCA was used to represent these findings in a reduced three-dimensional space (Fig.  3B ). The findings of little variability within experimental groups, coupled with significant cross-platform variability and similar cross-platform pattern, motivated us to employ a metaanalysis strategy to identify consistent biomarkers across both platforms. Table 1 shows the number of biomarkers detected by each platform alone, as well as by meta-analysis that combined data from both platforms for the four pair-wise comparisons (MT vs. C, HS/T vs. C, HS/Tϩ1.0R vs. C and HS/Tϩ4.5R vs. C). The Affymetrix platform alone detected 331, 510, 1,018, and 3,215 genes in each of the experimental groups defined above. The CodeLink platform identified a slightly smaller number of genes: 234, 455, 928, and 2,397 in these same experimental groups. Meta-analysis increased the statistical power of our observations and thus increased the number of detected genes to 808, 658, 1,116, and 2,890, respectively. In general, the trend of increased detection of biomarkers with increasing injury severity and time following injury is consistent with biological intuition, as well as with previously published studies (16) . In other words, as injury severity increases and time elapses, the pool of DE genes greatly increases. A small portion of biomarkers identified by meta-analysis was discordant between platforms. We eliminated such discordant genes from the subsequent analysis (23, 37, 33, 178 genes in each comparison; see Fig. 2B ).
Pair-wise comparison analysis. The concordant, DE genes identified by meta-analysis of the four pair-wise comparisons described above were subjected to IPA to determine if these different perturbations triggered defined pathways in the liver. Table 2 lists the significant pathways identified for each comparison along with the respective significance (P value; columns 3, 6, 9) . The significant pathways were assigned to one of three functional categories: inflammation and immunoregulation, cell stress and cell death, or metabolism. By 6 h, minor surgical trauma (MT vs. C) evoked changes in the expression of genes associated with metabolism in the form of hepatic cholestasis. Genes associated with inflammatory and immunoregulatory pathways were upregulated following trauma and hemorrhagic shock without resuscitation (HS/T vs. C). The addition of resuscitation (HS/Tϩ1.0R and HS/Tϩ4.5R) resulted in the upregulation of genes involved in additional inflammatory and immunoregulatory pathways. Resuscitation was generally associated with the upregulation of genes associated with cell stress and cell death pathways. Resuscitation of a short duration (HS/Tϩ1.0R) was associated with increased expression of genes involved in glucocorticoid receptor signaling. In comparison, a longer period of resuscitation (HS/ Tϩ4.5R) resulted in upregulation of genes involved in death receptor signaling.
ANOVA meta-analysis. When all five groups were analyzed together using ANOVA meta-analysis, the majority of the genes identified previously were again identified as being DE (6,236 out of 6,338). To select the genes with the highest degree of concordance between the two platforms, only genes with a correlation coefficient of 0.6 or greater (n ϭ 2,353) were selected. K-means clustering was applied to this gene subset, and two separate cluster analyses were performed: one for the time series (groups C, HS/T, HS/Tϩ1.0R, and HS/Tϩ4.5R) and one for the severity series (group C, MT and HS/Tϩ4.5R). We performed additional analyses to determine the appropriate number of clusters in the data (see Fig. 4 and MATERIALS AND METHODS). Our analysis identified six well-defined and biologically informative gene clusters in each series (Fig. 6 ). For each series, there were three clusters exhibiting a unique pattern of gene downregulation and three patterns of gene upregulation.
Each of these gene clusters was subjected to IPA for functional analysis. The canonical pathways and networks characteristic of each cluster were determined. In addition, lists of significant differentially expressed genes were generated. For each cluster, the highest ranked pathways, in terms of significant association with canonical pathways (P Ͻ 5.0 ϫ 10 Ϫ2 ), is shown in Table 3 for the severity series and in Table 4 for the time course. Each canonical pathway is assigned a P value (unadjusted for multiple comparisons) and a ratio. The P value of an IPA canonical pathway in a given cluster represents the statistical significance of association between the pathway and the gene cluster. The ratio represents the number of overlapping genes in an IPA canonical pathway and a given gene cluster, divided by the total number of genes in the pathway. The overlapping genes of each gene cluster in an identified pathway are shown in Tables 3 and 4 . Below, we discuss the pathways identified in the severity-series and timeseries analyses.
Severity series analysis. The severity series was designed to compare the response to a relatively minor and survivable insult, vs. the response seen in a severe and potentially lethal insult at the 6-h time point. Table 3 is a summary of the significant genes per cluster. Clusters 1, 2, and 3 (Fig. 6A ) consist of genes showing decreased expression after injury. All three clusters contain genes involved in metabolism. Genes in clusters 2 and 3 are downregulated by both minor and major trauma. The degree of down regulation is similar for both minor and major injury in cluster 2. Genes involved in various biosynthetic pathways map to this cluster. Cluster 3 contains genes that responded in a severity-dependent manner and represent genes involved in amino acid metabolism. Thus, even minor trauma rapidly appears to suppress select biosynthetic and metabolic processes at the transcriptional level.
Genes in cluster 1 are of special interest because these genes are only suppressed following severe injury (i.e., they exhibit a threshold behavior). Major injury led to the suppression of genes associated with nuclear receptor signaling. For example, genes that participate in LPS/IL-1-mediated regulation of retinoid X receptor (RXR) function were suppressed. Among these were nuclear receptors PXR, CAR, FXR, and LXR. Genes that are members of the IL-4 signaling pathway were identified in cluster 1. IL-4 is a pleiotropic T H 2 cytokine that has been shown to demonstrate antiapoptotic effects (21) . Major injury also selectively suppressed genes involved in lipid metabolism.
Clusters 4 -6 in the severity series include genes whose expression was increased. Genes upregulated to a similar degree by both minor and major trauma are enriched in cluster 5 and include genes in the endoplasmic reticulum (ER) stress pathway. Significantly expressed genes that constitute this pathway include the heat shock protein BiP, the transcription factors activating transcription factor 4 (ATF4) and X-box binding protein 1 (XBP1), as well as numerous protein kinases. Differential expression of these genes is consistent with prior studies showing that ER stress pathways are activated following HS/T (13). The 188 genes in cluster 6 are upregulated in a roughly linear fashion as a function of injury severity and include genes involved in glucocorticoid receptor signaling, IL-6 and IL-10 signaling, and acute phase response signaling. Genes involved in glucocorticoid receptor signaling include cell signaling elements activated by serum glucocorticoids, including numerous transcription factors such as c-jun, steroid receptor RNA activator 1 (SRA1), and p65. The cytokines and chemokines ultimately induced by these transcription factors (IL-6, IL-10, IL-1␤, CXCL2, and CCL13) also constitute this pathway. IL-6-and IL-10-associated pathways include those activated by serum IL-6 and IL-10 and pathways that result in production of IL-6 and IL-10. Both the release of these cytokines and the induction of the acute phase response are known to be driven by glucocorticoid signaling and are dependent on the magni-tude of traumatic insult. Thus, these results provide confirmation of the central importance of these cytokine pathways following injury.
Genes upregulated only by major trauma were identified in cluster 4. The death receptor signaling pathway was the most highly significant pathway in this cluster; however, the apoptosis pathway also reached statistical significance. Interestingly, many of the same genes constitute both pathways. The cell surface receptors Fas and tumor necrosis factor-␣ receptor 1 were identified in both pathways. Caspases-2, -3, and -7, as well as upstream mediators such as NF-B and IB were common to both death receptor signaling and apoptosis pathways. Genes uniquely identified as part of apoptosis signaling pathway include the proto-oncogenes p53 and p21 ras. In addition, genes that constitute both immunoregulatory and innate immunity pathways were identified in cluster 4. These pathways include the NF-B and interferon signaling pathways. The NF-B signaling pathway is characterized by the activation of numerous signaling pathways that proceed via the transcription factor NF-B, while the interferon signaling path- way consists of genes activated by binding of interferon-␣/␤ or -␥ to the cell surface receptor. Therefore, we suggest the presence of a critical threshold of injury that, when exceeded, leads to the upregulation of genes associated with apoptosis signaling and cell death pathways.
Given the pattern of expression of genes in cluster 4, we constructed gene networks to explore the connectivity of genes in our data set. The highest scored network in cluster 4 is shown in Fig. 7 . The widely studied tumor suppressor gene, p53, was identified as a central hub gene in this analysis. Other highly scored networks in cluster 6 consisted of genes involved in inflammation and immunoregulation and also included other cell death genes as hub genes (data not shown).
Time course analysis. The time course analysis was undertaken to assess the dynamics of gene expression following severe injury. Table 4 is a summary of the significant genes per cluster. Clusters 1 and 4 (Fig. 6B) identified genes that decreased in expression even at the earliest time points studied and included almost exclusively genes involved in metabolism. This finding suggests that the suppression of metabolic activity is among the earliest changes in the liver following systemic stress. Cluster 3 identified genes decreased in expression only at the latest time point studied and again identified genes involved in metabolism. Cluster 3 also identified genes involved in antigen presentation. Within the subset of upregulated genes, cluster 2 is especially revealing because this cluster contains genes that are upregulated at the earliest time point and that remain elevated throughout the full period of resuscitation utilized in our experiments. Genes involved in glucocorticoid receptor signaling are prominent in this cluster, as are genes associated with p53 signaling. Also notable are several genes coding for mediators involved in stress and inflammatory signaling, such as IL-6, IL-10, IL-1␤, and PDGFA, as well as the receptors CD14, ICAM1, and EGFR.
Certain MAPK and NF-B signaling components are also increased in this cluster. Clusters 5 and 6 identified genes that increased gradually over time and that were increased predominantly at the latest time points. Most notable in this cluster is the strong upregulation of genes that IPA links to death receptor and apoptosis signaling as well as acute phase signaling. Genes associated with NF-B signaling, p38 MAPK signaling, interferon signaling (IRF7, IRF9, STAT1, STAT2), and Toll-like receptor/IL1 signaling (TLR2, MyD88) are also present in this cluster. These observations suggest a simultaneous increase in the expression of genes associated with select inflammatory and stress signaling pathways, along with genes associated with cell death, as a programmed early response to severe systemic stress.
DISCUSSION
This microarray study was undertaken to define the early changes in hepatic gene expression that follow severe systemic injury. Our goals were to better understand the existing body of knowledge related to the hepatic response to trauma and to suggest novel mechanistic hypotheses as well as potential therapeutic targets. We utilized a murine model that incorporated the three essential features of humans who experience severe injury: HS, aggressive fluid resuscitation, and severe peripheral trauma. We then characterized the changes in gene expression in the liver, a central organ that uniquely integrates metabolic and immunologic responses to systemic insults. To define only significant and reproducible changes, we measured expression patterns using two separate microarray platforms, followed by meta-analysis to identify highly concordant genes common to both platforms.
Our key findings are as follows: 1) significant changes in gene expression occur within 90 min of injury/hemorrhage and prior to resuscitation; 2) unique patterns of gene expression in response to minor vs. severe trauma and as a function of time following injury/resuscitation; 3) robust, early (even in response to minor trauma) upregulation of genes associated with the ER stress pathway, along with downregulation of genes associated with biosynthetic and metabolic pathways; 4) timeand severity-dependent expression changes in genes that map to IL-10, IL-6, and glucocorticoid receptor signaling, as well as to the acute phase response; 5) upregulation of death receptor signaling and apoptosis pathways and downregulation of genes associated with antigen presentation that occur only in severe injury and the latest time point studied; and 6) a defined sequence of changes following severe injury: a rapid downregulation in biosynthetic and metabolic pathways associated with an upregulation in genes associated with glucocorticoid receptor signaling, p53 signaling, and IL-10 signaling, followed by the emergence of the acute phase response, other inflammatory pathways, and finally cell death and apoptosis pathways. These results reinforce the findings from many prior studies that implicate the liver as a central response organ in HS/T. Taken together, these data help point to novel mechanistic hypotheses regarding the hepatic response to HS/T (e.g., a previously unappreciated role for nuclear receptors and p53); evoke a dynamic picture of evolving and interrelated inflammatory, metabolic, and cell death networks and pathways in HS/T; and suggest novel therapeutic targets (e.g., p53).
These observations not only provide insight into the early sequence of gene expression changes known to occur following trauma, but that also identify pathways not previously known to be part of the early response to systemic injury (i.e., nuclear receptor signaling). Many of our findings at the level of gene expressions integrate into a single and detailed analysis findings of previous studies on the genetic response to injury. The identification of prominent pathways upregulated only in severe injury (i.e., cell death and apoptosis) raises the possibility of therapeutic targets within these pathways. Fig. 7 . Network illustrating central role of tumor suppressor gene p53 in cluster 4 of the severity series, which identified genes upregulated selectively by major trauma. Black, molecules that are members of the network being examined; gray, molecule present but not upregulated or below cutoff; white, molecule is not specified in our data but incorporated into the network through relationships with other molecules.
Previous gene array studies have examined the changes in gene expression in central organs following HS. Alam et al. (1) analyzed the changes that occurred at 3 h in the lung, liver, spleen, and muscle in rats using an array consisting of 1,176 cDNAs. The greatest number of changes was shown to occur in the liver and was found to be dependent on the resuscitation protocol. The same group carried out a more detailed analysis in the lung of shocked animals at 24 h (3). Again, the extent of changes was dependent on the resuscitation strategy, with resuscitation using lactated Ringer's saline being associated with marked changes in gene expression. It is of interest to note that in that study, apoptosis pathways, including p53-dependent apoptosis, were upregulated, while metabolic pathways were downregulated in the lungs at 24 h (3).
Our mouse model of severe injury incorporates both SH and peripheral tissue trauma, and we utilized DNA microarrays encompassing the complete mouse genome. Nonetheless, the identification of the upregulation of genes associated with apoptosis signaling in both our present study and that of Chen et al. (3) provides important confirmation to the likely importance of cell death/apoptosis signaling to the organ responses to severe systemic stress. However, neither the previous studies nor our work identifies the specific cells in which the signaling events take place. It is likely that the majority of the changes occur in the dominant native liver cell types in our studies, due the early time points studied. Moreover, some of the gene expression changes could represent the inclusion of RNA isolated from infiltrating inflammatory cells.
There are numerous published studies utilizing microarray technology in animal models that describe the transcriptomic response to other forms of injury. All of these studies employ a single-platform approach with limited post hoc validation of a small subset of genes. In addition, microRNA expression has been evaluated using microarray technology in models of rat spinal cord injury and rat traumatic brain injury (17, 19) . Templeton et al. (32) described the differential response of two mouse strains to optic nerve crush injury. This analysis led to the identification of loci that modulate the susceptibility of neurons to this type of injury. Similar analyses have been undertaken in animal models of thermal injury. Feezor et al. (7) characterized gene expression as a function of time in a murine model of scald injury. Interestingly, changes in gene expression noted within 2 h of injury included heat shock protein, interferon-activated gene, and transforming growth factor-␤. Three days following injury, differential expression of genes involved in the innate immune response was observed. More recently, Greco et al. (8) utilized microarray technology to evaluate temporal gene expression profiles in human skin with thermal injury.
The Inflammation and the Host Response To Injury largescale collaborative research program is dedicated to defining the genomic and proteomic changes that occur in circulating leukocyte populations in severely injured patients (http://www. gluegrant.org). Seminal work from this effort has shown that the magnitude of the changes in DE genes in circulating leukocytes assessed by a novel scoring system correlated with adverse outcomes in blunt trauma patients experiencing both HS and peripheral trauma (36) . We show that the magnitude of trauma, as well as the addition of HS to tissue trauma, modulates both the number of DE genes and the pathways evoked in the liver. In another leukocyte gene array study, human volunteers receiving Gram-negative bacterial endotoxin exhibited not only the expected upregulation of inflammatory pathways, but also a marked reduction in bioenergetic pathways, as well as genes associated with antigen presentation at 24 h postchallenge (5) . We also identified very early changes in genes associated with cell metabolism and antigen presentation in the liver. Thus, the reprioritization that occurs in cell energetics and certain key functions following systemic insults occurs in both humans and mice, and in both circulating cells and tissues.
Several recent studies have been aimed at characterizing cross platform similarities and differences. A 2007 study by Bosotti et al. (2) generated enthusiasm for utilization of a two-platform approach as a means to identify functionally relevant, DE genes. These authors used two commercially available oligonucleotide-based microarrays, Affymetrix and Applied Biosystems. Common genes were identified, and RT-PCR confirmed differential expression of 94% of the genes.
In the present study, we utilized a similar dual-platform microarray analysis to characterize the hepatic transcriptome in mice subjected to HS/T. Two forms of complementary analysis were performed: one more global and one more restrictive. The more global analysis involved identification of 6,338 genes for which group-wise comparisons were performed. Using the more restrictive ANOVA meta-analysis technique and further identifying genes with high cross-platform correlation, we identified 2,353 genes that were subjected to K-means clustering. As K-means clustering is an unsupervised clustering technique, no a priori knowledge is considered when assigning genes to a cluster. We felt that this was as unbiased an approach as possible, one that we hypothesized would allow us to observe the natural pattern of changes in gene expression in response to trauma/hemorrhage, either as a function of time or of injury severity. Because only changes common to both platforms were analyzed further, it is unlikely that many significant changes in gene expression were not included in the subsequent analysis.
Others have reported upregulation of these pathways following HS/T; however, our work would suggest that even minor trauma induces a central stress response that includes metabolic changes and an upregulation of genes involved in the endoplasmic reticulum stress pathway in the liver. Our analysis reveals a clear time sequence in the gene expression changes in these pathways, manifested by six unique patterns of gene expression that occur either over time or over the severity of tissue trauma. Among the unexpected pathways evoked early and then even progressively over time are pathways associated with nuclear receptor signaling. An example of one such gene identified by our analysis is the peroxisome proliferator-activated receptor (PPAR). Interestingly, others have demonstrated downregulation of PPARs following hepatic ischemia/reperfusion, as well as attenuation of injury following preadministration of PPAR agonists (14) . Other pathways upregulated in both time-and severitydependent patterns confirm prior work, such as IL-6 (24, 28), IL-10 (24, 28), NF-B (24), and MAPK signaling. Our work supports the central importance of these mediators and pathways to the injury response. Notably, early upregulation of the IL-10 signaling pathway points to a key role for this cytokine earlier in the response than previously expected.
The interpretation of the dual-platform analysis of the transcriptomic response of mouse liver following trauma/hemorrhage is subject to several potential limitations. The first concerns the extrapolation from a mouse model of trauma/ hemorrhage to the human response; however, as we point out above, aspects of our findings are supported by clinical studies in trauma/hemorrhage. The second limitation involves the finding of ϳ6,300 significantly expressed genes (as assessed by the dual-platform analysis) out of a total of ϳ20,000 genes per microarray platform. The seemingly low overlap comes from several reasons. First, both the Affymetrix and CodeLink probe sets contain a significant number of replicated genes. Second, filtering was initially performed in each platform separately prior to gene matching, so many genes that survived after CodeLink filtering may have been filtered out in the Affymetrix system, and vice versa. A third possible reason for the low overlap may be due to the necessary delay from the time of initial analysis with regard to the matching of gene IDs and the inexorable progress in gene annotation as well as improvements in analysis algorithms and software. Thus, future analyses may shed additional insights into pathways and gene networks involved in the response to trauma/hemorrhage. In deciding on how to reconcile the results from the two microarray platforms, we had to balance between choosing a stringent (high) R 2 threshold, and thereby risking the loss of important genes in the analysis, vs. using a low threshold, which may include genes that would be inconsistent across platforms and thereby hinder replication of our results. Finally, we note that several studies have examined the effects of unmeasured confounding variables on the analysis of microarray results (25, 33) . Given the already very high reproducibility between platforms (2,353 out of 6,338 genes not only passed ANOVA gene selection, but also had correlation Ͼ0.6), it appears unlikely that further modeling will significantly improve the cross-platform consistency.
In summary, this work has led to the generation of a novel and searchable database that defines the early transcriptomic response of the liver to minor and severe systemic trauma. As we have shown, construction of networks from these data can be used as a discovery tool and are likely to bring clarity to the phenotypic changes that evolve over the first 6.5 h following injury.
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